Abstract: High concentrations of PM 2.5 are a primary cause of haze in the lower atmosphere. A better understanding of the spatial heterogeneity and driving factors of PM 2.5 concentrations is important for effective regional prevention and control. In this study, we carried out remote sensing inversion of PM 2.5 concentration data over a long time series and used spatial statistical analyses and a geographical detector model to reveal the spatial distribution and variation characteristics of PM 2.5 and the main influencing factors in the Yangtze River Delta from 2005 to 2015. Our results show that (1) The average annual PM 2.5 concentration in the Yangtze River Delta prior to 2007 displayed an increasing trend, followed by a decreasing trend after 2007 which eventually stabilized; and (2) climate regionalization and geomorphology were the dominant natural factors driving PM 2.5 concentration diffusion, while total carbon dioxide emissions and population density were the dominant socioeconomic factors affecting the formation of PM 2.5 . Natural factors and socioeconomic factors together lead to PM 2.5 pollution. These findings provide an interpretation of PM 2.5 spatial distribution and the mechanisms influencing PM 2.5 pollution, which can help the Chinese government develop effective abatement strategies.
Introduction
Burgeoning industrialization and urbanization have brought sharp rises in industrial exhaust, construction dust and automobile exhaust. Fine-particulate air pollution has manifold effects on people's daily lives and health and on ecosystems, national heritage and the global atmosphere [1] [2] [3] [4] . Air pollution causes an estimated 2.0-4.0 million premature deaths per year [5, 6] . According to the 2015 Global Burden of Disease (GBD) report, published in the British medical journal The Lancet, fine-particulate air pollution (PM 2.5 ) caused 916,000 premature deaths in China in 2013 [7] . The Yangtze River Delta (YRD) is the region of eastern China with the most developed economy, the greatest degree of urbanization and high coal consumption [8] . The region has suffered frequent extreme haze episodes in recent years [9] . Therefore, understanding the characteristics and its driving factors of PM 2.5 concentrations will be of benefit in the task of regional pollution prevention and control.
At present, the model adopted for determining the spatial distribution and variation characteristics of PM 2.5 concentrations primarily employs the scale factor method and the statistical model method.
Data and Data Sources
Spatial variation of PM2.5 concentration is significant, its causes are complex and its driving factors are diverse [23] . Previous studies have found that the driving factors include socioeconomic factors such as population density (PD) [24] , gross domestic product (GDP) [25] , energy consumption and motor vehicle exhaust. At same time, spatial variation of PM2.5 concentration is also closely linked to natural factors such as landforms [26] , CR [19] and ET [27] . Based on the results of these previous studies, we selected socioeconomic factors and natural factors as potential driving factors of the spatial variation of PM2.5 concentration. The socioeconomic factors included PD, GDP and carbon dioxide total emissions (CE) (Figure 1 ). The natural factors included Geomor, CR and ET (Figure 2 ). PD represents population scale. GDP represents the level of economic development. CE is closely related to human activities and energy consumption has received considerable attention from climate scientists [28, 29] . In this study we used CO2 emissions to represent energy consumption. Table 1 provides a description of each factor analyzed. PD represents population scale. GDP represents the level of economic development. CE is closely related to human activities and energy consumption has received considerable attention from climate scientists [28, 29] . In this study we used CO 2 emissions to represent energy consumption. Table 1 provides a description of each factor analyzed. [30] . The resolution of the data is 0.1 • × 0.1 • . The accuracy of the global annual PM 2.5 data is highly consistent (R 2 = 0.81) by sample cross-validated PM 2.5 concentrations [31] . This dataset has been used in many studies at national and regional scales [32] [33] [34] .
Socioeconomic Factors
The PD and GDP grid-data used in this study were obtained from the Data Center for Resources and Environmental Sciences, Chinese Academy of Sciences (RESDC) (http://www.resdc.cn). Energy demand, energy consumption and urbanization may underlie the staggering increases in CO 2 emissions over the last three decades, so in this study we used CE to represent energy consumption. The spatial and time resolution of the PD and GDP grid-data are 1 km × 1 km and one year, respectively. The CE grid-data used in this study were obtained from the China Emission Accounts and Datasets [35, 36] . The spatial resolution of CE was 0.1 • × 0.1 • .
Natural Factors
The Geomor, CR and ET grid-data used in this study were obtained from RESDC [37] . The spatial and time resolution of the ET and Geomor grid-data are 1 km × 1 km for ET and 0.1 • × 0.1 • for Geomor and one year, respectively.
Data Preprocessing
All research data were raster data except for the boundary data of the YRD. The raster and vector data differed in structure and form and are therefore difficult to integrate. Thus, we used converting transforming coordinates and applied geometric corrections to standardize the data in ArcGIS 10.3.1. Because the resolution of PD and GDP grid-data and the other data were not the same, we converted the 1 km × 1 km data (PD grid-data, GDP grid-data and ET grid-data) to 0.1 • × 0.1 • in ArcGIS 10.3.1 to ensure consistent spatial resolution.
We used a subset of the global annual PM 2.5 grid-data, Geomor grid-data, ET, CE grid-data, PD grid-data and GDP grid-data in raster format for the YRD from 2005-2015 to produce a 0.1 • × 0.1 • grid covering the YRD urban cluster using ArcGIS 10.3.1. The 0.1 • × 0.1 • grid-data was used as the basic spatial unit.
Methodology
The geographical detector model is a method used to explore differences in graphical elements and their influencing factors on the spatial distributions of a research object [38] . The geographical detector model consists of four parts: factor detectors, interaction detectors, ecological detectors and risk detectors. The factor detectors are mainly used to test whether socioeconomic factors and natural factors are the causes of haze formation. Risk detectors are mainly used to reveal the high and low mean values of the sub-regions of the driving factors. The advantages of the geographical detector model are that it relies on few assumptions and can effectively overcome the limitations of traditional statistical methods for dealing with categorical variables. At present, it is widely used in the ecological and environmental fields [39] [40] [41] .
In our study, we used factor detectors and risk detectors to evaluate socioeconomic factors and natural factors associated with PM 2.5 pollution as determined by spatial variance analysis (SVA). The fundamental purpose of SVA is to assess the spatial consistency of PM 2.5 concentration distributions versus socioeconomic factors (e.g., PD, GDP, CE) and natural factors (e.g., Geomor, CR, ET).
(1) Factor detector
The power of determinants of driving factors on PM 2.5 concentration can be expressed using the following equation:
where, P D,P is the power of determinant of a driving factor on PM 2.5 concentration. D is the driving factor for the change in average annual concentration of PM 2.5 . n, σ 2 are sample size and variance of the study area as a whole, respectively. n h , σ h are sample size and variance of stratum h(h = 1, 2 . . . , L), respectively. The value of P D,P ranges from 0 to 1. As the value of P D,P approaches 1, the stronger the influence of factor D on changes in average annual concentration of PM 2.5 . 
where, R i , R j represents average PM 2.5 concentrations in subregion R; n represents the size of the sample in subregion R; and δ represents the variance of subregion R. The geographical detector models used in this study are freely available from (http://www.geodetector.cn/). Since the model requires input data to be type data, the resolution criteria for various data can be found in the Supplementary Materials. The spatial statistical methods used in this paper are mainly raster statistical analysis. Specifically, the statistical analysis was performed using a raster calculator. Because it is simple, it is not described in detail here.
Results

Spatial Distribution Characteristics of PM 2.5 Concentrations
The trend of PM 2. 
Individual Effects of Different Factors on PM2.5 Concentrations
The influence of the six natural and socioeconomic risk factors on PM2.5 concentrations were detected using the geographical detector model and are presented in Figure 6 . Our results show that Geomor exerted the greatest influence on PM2.5 concentrations, followed by another natural factor, CR. CE was the main socioeconomic factor affecting PM2. 
Individual Effects of Different Factors on PM 2.5 Concentrations
The influence of the six natural and socioeconomic risk factors on PM 2.5 concentrations were detected using the geographical detector model and are presented in Figure 6 . Our results show that Geomor exerted the greatest influence on PM 2.5 concentrations, followed by another natural factor, CR. CE was the main socioeconomic factor affecting PM 2.5 concentration, followed by PD. The natural conditions exerted a greater influence over PM 2.5 
The Leading Impact Areas of Factors Influencing PM2.5 Concentrations
For the years 2005, 2010 and 2015, average PM2.5 concentrations were highest in the subregion of the human settlement ecosystem (54.87 μg/m³ , 53.97 μg/m³ and 59.98 μg/m³ ), followed by the farmland ecosystem (54.62 μg/m³ , 53.27 μg/m³ and 58.77 μg/m³ ) and the wetland ecosystem (54.58μg/m³, 51.77μg/m³ and 57.96μg/m³). Average PM2.5 concentrations were highest in the north subtropic humid climate subregion (52.92 μg/m³ , 51.27 μg/m³ and 57.52 μg/m³ ) and the central subtropic humid climate subregion (35.11μg/m³, 31.89μg/m³ and 29.23μg/m³). And finally, average PM2.5 concentrations were highest in the geomorphological plain subregion (54.43μg/m³, 54.49μg/m³ and 60.71μg/m³), followed by the platform subregion (53.97μg/m³, 51.6μg/m³ and 56.21μg/m³) and the hilly subregion ( Figure 7 ). 
Discussion
A better understanding of the factors influencing the spatial distribution of PM2.5 concentrations benefits managers tasked with formulating air pollution control strategies. Using spatial statistical analysis and a geographical detector model, this study emphasizes the importance of socioeconomic 
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Discussion
A better understanding of the factors influencing the spatial distribution of PM 2.5 concentrations benefits managers tasked with formulating air pollution control strategies. Using spatial statistical analysis and a geographical detector model, this study emphasizes the importance of socioeconomic and natural factors in determining PM 2.5 concentrations. Socioeconomic development is a main cause of PM 2.5 formation and Geomor, CR and ET factors significantly affected its distribution, aggregation and diffusion. We next discuss the impacts of socioeconomic and natural factors on PM 2.5 concentrations.
Analysis of The Socioeconomic Drivers of PM 2.5 Pollution
Socioeconomic activities profoundly impact air pollution and regional emissions of polluting gases are closely related to socioeconomic activities. GDP, CE and PD data represent the level of industrialization and urbanization in the YRD and are important drivers of PM 2.5 concentrations. Our factor detector results show that CE and PD were the main influencing factors in all three years of the study and their influence was significantly greater than that of GDP. The relationship between CE and PD exhibited an inverted U-shaped with the inflection point occurring in 2010.
Many studies have shown that socioeconomic factors are the most significant factors influencing PM 2.5 concentrations [19, 43] , with the power of the determinant greater than 50% [44] . Our findings are consistent with these studies. Energy consumption, as represented by CE, was the most important factor triggering PM 2.5 formation. The reason that energy consumption exerts the strongest influence is that total energy consumption has significantly increased from 2005 to 2015. Coal is the largest source of energy production in the YRD. The reason for the formation of the inflection point may be that the government vigorously controls sulfur dioxide, so that measures such as desulfurization of coal-fired power plants and replacement of coal-fired boilers with clean energy technologies reduces smog. Therefore, China has further opportunities to reduce smog by altering its industrial and energy structures, reducing coal emissions, developing new energy sources and encouraging residents to use mass transportation [45] .
In addition to CE, many studies have found that PD affects PM 2.5 , which is also consistent with our findings. PD may affect PM 2.5 through population agglomeration, which leads to increased industrial agglomeration and production activities (e.g., catering industry, service industry, construction industry) and increased pollutant emissions and energy consumption [9] . For example, traffic jams that result from dense population agglomeration reduce the combustion efficiency of motor fuels. In addition, densely packed housing reduces wind speeds and dispersal of pollutants, thereby trapping high PM 2.5 concentrations and indirectly aggravating PM 2.5 pollution. The reason for the formation of the inflection point may be that increasing PD will also have an agglomeration effect, which will increase the rate of public transportation and the efficiency of resource use, leading to alleviation of PM 2.5 pollution. The results of this study suggest that the counter scale effect of population agglomeration played a significant role in PM 2.5 pollution before 2010, while the scale effect of population agglomeration played a greater role in PM 2.5 pollution after 2010.
Analysis of The Natural Drivers of PM 2.5 Pollution
Our factor detection results show that Geomor and CR are the main factors affecting PM 2.5 diffusion and that their explanatory power is greater than that of ET. This result demonstrates large-scale spatial heterogeneity and indicates that geomorphology and climate regionalization have an important influence on the agglomeration and diffusion of PM 2.5 [20] . Our findings are consistent with many studies [46, 47] . Geomor and CR likely affect PM 2.5 agglomeration and diffusion by affecting air flow, air pressure, temperature and precipitation [26, 46] . There are several possible explanations for this finding. As a fine particle, PM 2.5 floats easily in low altitudes compared with high altitudes due to gravity. On the other hand, as altitude increases, temperature gradually decrease and air convection 
Limitations of This Study
The first limitation of this study is the PM2.5 grid-data. Although the resulting PM2.5 estimates were highly consistent, there is some uncertainty resulting from the sparse dispersal of PM2.5 monitoring sites and the challenging nature of data retrieval and validation [31] . The second limitation comes from the socioeconomic data. In this study, the socioeconomic factors included only GDP, PD and CE, which cannot comprehensively express the characteristics of socioeconomic factors. The third limitation is that the GDP and population density products used in this study were derived 
The first limitation of this study is the PM 2.5 grid-data. Although the resulting PM 2.5 estimates were highly consistent, there is some uncertainty resulting from the sparse dispersal of PM 2.5 monitoring sites and the challenging nature of data retrieval and validation [31] . The second limitation comes from the socioeconomic data. In this study, the socioeconomic factors included only GDP, PD and CE, which cannot comprehensively express the characteristics of socioeconomic factors. The third limitation is that the GDP and population density products used in this study were derived from national economic census and national population census data. Because the survey periods for these censuses are long, the time resolution for the data is rough. In order to balance the spatial resolution and temporal resolution of the various socioeconomic and natural ecological factors, five years was chosen as the research cycle. In addition, we only focused on the spatial variation characteristics and driving factors of PM 2.5 at three time points, which limits the scope of this study. In future research, we will focus on longer time series of annual PM 2.5 data to more accurately delineate the spatial variation characteristics of PM 2.5 and quantitatively reveal the influences of socioeconomic and natural factors on PM 2.5 concentrations in the YRD.
Conclusions
Based on remote sensing inversion of PM 2.5 concentration data over a long time series, our spatial statistical analyses and geographical detector model revealed the spatial distribution and variation characteristics of PM 2.5 and the main influencing factors of PM 2.5 concentrations in the YRD from 2005 to 2015. Our main findings and conclusions are as follows:
(1) Average annual PM 2.5 concentrations in the YRD displayed an increasing trend prior to 2007, a downward trend after 2007 and then eventually stabilized. The proportion of highly polluted areas (PM 2.5 greater than 70 µg/m 3 ) gradually increased between 2005 and 2015 andwere mainly located in the northern regions of the YRD, especially Yangzhou, Taizhou and Zhenjiang. The proportion of low-pollution areas (PM 2.5 less than 35 µg/m 3 ) gradually decreased and were mainly located in southern YRD, especially Shaoxing, Taizhou and Ningbo. (2) The natural driving factors CR and Geomor were the dominant individual factors affecting PM 2.5 concentration diffusion, while CE and PD were the dominant individual factors affecting PM 2.5 formation. Natural factors and socio-economic factors together lead to increased PM 2.5 pollution. Natural factors and socioeconomic factors together lead to PM 2.5 pollution. Although our research data are from the YRD, our research method and framework can be applied in pollution prevention and control efforts in other regions. These findings extend our understanding of potential socioeconomic and natural drivers of PM 2.5 concentrations
